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More strong hurricanes 

Drought 

More rain over Sahel 
and western India 

Warm North Atlantic  
linked to … 

Two important aspects: 
a.  Decadal-multidecadal fluctuations 
b.  Long-term trend 

Atlantic Meridional  
Overturning Circulation 
       (AMOC)  

North Atlantic Temperature 
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CMIP5	
  Experimental	
  PredicXon	
  Design	
  

http://www.clivar.org/organization/wgcm/references/Taylor_CMIP5.pdf  



Proposed	
  FRAMEWORK	
  for	
  Verifica9on:	
  

MAPP Webinar -- Decadal Prediction 

1. Feasibility (of particular model/fcst system) 
 - Realistic, and relevant, variability? 
- Translation of ICs to realistic and relevant variability?  

2. Prediction skill – Quality of system; quality of information 
 - Where? What space & time scales? 
- Actual anomalies & ‘decadal scale trends’ 
- Conditional skill? 
- Values of ICs: higher correlations, lower RMSEs   

3. Issues – for research, for concern  
i.e.  limited ability to quantify uncertainty; 
       limited understanding of processes, etc. 
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Mo9va9on:	
  Forecasts	
  need	
  verificaXon	
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…  for tracking improvements in prediction systems 

Example from SI: 
Recent improvements to ECMWF 
seasonal forecast system came in  
almost equal parts from 
improvements 
to the model and the ODA 
(Balmaseda et al. 2009, OceanObs’09) 

…  for comparison against other  
systems and other approaches 

Example from SI: 
NCEP-CFS reaches 
parity with  
statistical fcsts  
for ENSO 

(Saha et al. 2004, J.Clim) 21 June 2012 



How	
  “good”	
  are	
  they?:	
  DeterminisXc	
  Metrics	
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Regional Average (15°x15°); 5-Year Means: 

Grid Scale; 10-Year Means: 
(Courtesy: Doug Smith) 

•  ECHAM5 + MPI-OM 
•  3 member perturbed IC ensemble 
•  Starting every 5 years Nov from 1955 to 2005 

(Keenlyside et al. 2008, Nature) 
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Ques9on	
  1:	
  Do	
  the	
  iniXal	
  condiXons	
  in	
  the	
  hindcasts	
  
lead	
  to	
  more	
  accurate	
  predicXons	
  of	
  the	
  climate?	
  

Ques9on	
  2:	
  Is	
  the	
  model's	
  ensemble	
  spread	
  an	
  
appropriate	
  representaXon	
  of	
  forecast	
  uncertainty	
  
on	
  average?	
  

Time	
  scale:	
  Year	
  1,	
  Years	
  2-­‐5,	
  Years	
  6-­‐9,	
  Years	
  2-­‐9	
  

Spa,al	
  scale:	
  Grid	
  scale,	
  spaXally-­‐smoothed	
  	
  

Asking	
  Ques9ons	
  of	
  the	
  Ini9alized	
  Hindcasts	
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Asking	
  Ques9ons	
  of	
  the	
  Ini9alized	
  Hindcasts	
  

€ 

MSSS =1−
MSE fcst

MSEref

;   if ref = climatological avg.

MSSS( f ,x ,x) = rfx
2 − [rfx −

sf
sx

⎛ 

⎝ 
⎜ 

⎞ 

⎠ 
⎟ ]2 = Correlation2 −Cond.Bias2

(from Murphy, Mon Wea Rev, 1988) 

€ 

MSSS =1− MSEinit

MSEuninit

;  here ref =  uninitialized hindcasts

MSSS( f ,r,x) =
MSSS( f ,x ,x) − MSSS(r,x , x)

1− MSSS(r,x ,x)
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Elabora9on	
  on	
  “Condi9onal	
  Bias”	
  

€ 

Conditional Bias =  [rfx −
sf
sx

⎛ 

⎝ 
⎜ 

⎞ 

⎠ 
⎟ ]

Perfect Correlation, but Conditional Bias because 
sf>sx 

Obs 

Forecast 

   Forecast          

O
bs

er
va

tio
ns

 

21 June 2012 



Ques9on	
  1:	
  Do	
  the	
  iniXal	
  condiXons	
  in	
  the	
  hindcasts	
  lead	
  to	
  
more	
  accurate	
  predicXons	
  of	
  the	
  climate?	
  

 Mean	
  Squared	
  Skill	
  Score	
  and	
  its	
  decomposiXon	
  

MAPP Webinar -- Decadal Prediction 

Asking	
  Ques9ons	
  of	
  the	
  Ini9alized	
  Hindcasts	
  

€ 

MSSS =1−
MSE fcst

MSEref

;   if ref = climatological avg.

MSSS( f ,x ,x) = rfx
2 − [rfx −

sf
sx

⎛ 

⎝ 
⎜ 

⎞ 

⎠ 
⎟ ]2 = Correlation2 −Cond.Bias2

(from Murphy, Mon Wea Rev, 1988) 

€ 

MSSS =1− MSEinit

MSEuninit

;  here ref =  uninitialized hindcasts

MSSS( f ,r,x) =
MSSS( f ,x ,x) − MSSS(r,x , x)

1− MSSS(r,x ,x)

21 June 2012 



MAPP Webinar -- Decadal Prediction 

Determinis9c	
  Metrics:	
  Mean	
  Squared	
  Skill	
  Score	
  (MSSS)	
  
MSSS 

TEMPERATURE: GFDL Hindcasts 
  -  GFDL_CM2.1 model 

 -  Evaluated every-5-yr starts 
 - Year 2-9, annual means 

GFDL2.1  Correlation Conditional Bias 
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Determinis9c	
  Metrics:	
  Mean	
  Squared	
  Skill	
  Score	
  (MSSS)	
  

MSSS 

TEMPERATURE: Hadley Centre Hindcasts 
 - HadCM3 model  
 - DePreSys perturbed physics expts 
 - Evaluated every-5-yr starts 
 - Year 2-9, annual means 

DePreSys 
Correlation Conditional Bias 

21 June 2012 



MAPP Webinar -- Decadal Prediction 

Determinis9c	
  Metrics:	
  Mean	
  Squared	
  Skill	
  Score	
  (MSSS)	
  
GFDL2.1 

PRECIPITATION: GFDL Hindcasts 
  -  GFDL_CM2.1 model 

 -  Evaluated every-5-yr starts 
 - Year 2-5, 6-9, 2-9 -- annual means 

Year 2-5 Year 6-9 Year 2-9 
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Determinis9c	
  Metrics:	
  Mean	
  Squared	
  Skill	
  Score	
  (MSSS)	
  
Year 2-5 DePreSys Year 6-9 Year 2-9 

PRECIPITATION: Hadley Centre Hindcasts 
 - HadCM3 model  
 - DePreSys perturbed physics expts 
 - Evaluated every-5-yr starts 
 - Year 2-9, annual means 
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Using ALL start years Using Every-5-year starts 
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Probabilistic Metrics: 
TEMPERATURE 

Ens Mean + Ens Spread 
vs 

Climo Distribution 

Ens Mean + Std Error 
vs 

Climo Distribution 

Ens Mean + Std Error 
vs 

Ens Mean + Ens Spread 
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Probabilistic Metrics: 
PRECIPITATION 

Ens Mean + Ens Spread 
vs 

Climo Distribution 

Ens Mean + Std Error 
vs 

Climo Distribution 

Ens Mean + Std Error 
vs 

Ens Mean + Ens Spread 
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  	
  Different	
  hindcasts	
  differ	
  in	
  where	
  they	
  have	
  skill	
  
  They	
  also	
  differ	
  on	
  which	
  regions	
  improve	
  due	
  to	
  iniXalizaXon	
  	
  

  	
  Increased	
  sample	
  size	
  (more	
  start	
  years)	
  gives	
  more	
  robust	
  skill	
  
esXmates	
  

  Accuracy	
  is	
  an	
  important	
  consideraXon	
  in	
  use	
  of	
  hindcast	
  data	
  
  Both	
  CorrelaXon	
  &	
  Bias	
  are	
  involved	
  

 Uncertainty	
  is	
  also	
  important	
  
  	
  	
    

€ 

Ensemble spread ≠  uncertainty

21 June 2012 

Preliminary	
  Conclusions	
  on	
  Skill	
  



US	
  CLIVAR	
  Working	
  Group	
  on	
  Decadal	
  Predictability	
  has	
  
developed	
  a	
  framework	
  for	
  verificaXon	
  of	
  decadal	
  hindcasts	
  
that	
  allows	
  for	
  common	
  observaXonal	
  data,	
  metrics,	
  temporal	
  
structure,	
  spaXal	
  scale,	
  and	
  presentaXon	
  

The	
  framework	
  addresses	
  specific	
  quesXons	
  of	
  the	
  hindcast	
  
quality	
  and	
  offers	
  suggesXons	
  for	
  how	
  they	
  might	
  be	
  used.	
  

Considerable	
  complementary	
  research	
  has	
  aided	
  this	
  effort	
  in	
  
areas	
  of	
  bias	
  and	
  forecast	
  uncertainty,	
  spaXal	
  scale	
  of	
  the	
  
informaXon,	
  and	
  staXonarity	
  impacts	
  on	
  reference	
  period.	
  

Paper	
  in	
  review	
  for	
  Climate	
  Dynamics.	
  

	
  For	
  more	
  on	
  skill	
  of	
  these	
  hindcasts	
  and	
  other	
  	
  
CMIP5	
  decadal	
  hindcast	
  experiments	
  visit	
  	
  
hMp://clivar-­‐dpwg.iri.columbia.edu	
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Summary	
  

21 June 2012 



21 June 
2012 MAPP Webinar -- Decadal Prediction 



MAPP Webinar -- Decadal Prediction 

Sta9s9cal	
  Significance:	
  Non-­‐parametric	
  bootstrap	
  	
  

Re-sampling, with replacement:  k=1,M (~1000) samples 

Start out with nominally n=10 start times.  
Draw random start times as pairs up to n values. 
i.e. 1st draw: i=1  e.g. I(i,k)=5 (1980), so i=2  I(i+1,k)=6 (1985), etc. 

 up to i=10 

For each I(i,k), draw N random ensemble members, E, with replacement   

€ 

˜ f i
E (k) = f I ( i,k )

E (I )

Rfx 

M samples 

If p-value <= α, then 
rfx is significant at  

(1-α)x100% confidence  

0 
21 June 2012 


